Abstract: Locating fuel treatments with scarce resources is an important consideration in landscape-level fuel management. This paper developed a mixed integer programming (MIP) model for allocating fuel treatments across a landscape based on spatial information for fire ignition risk, conditional probabilities of fire spread between raster cells, fire intensity levels, and values at risk. The fire ignition risk in each raster cell is defined as the probability of fire burning a cell because of the ignition within that cell. The conditional probability that fire would spread between adjacent cells A and B is defined as the probability of a fire spreading into cell B after burning in cell A. This model locates fuel treatments by using a fire risk distribution map calculated through fire simulation models. Fire risk is assumed to accumulate across a landscape following major wind directions and the MIP model locates fuel treatments to efficiently break this pattern of fire risk accumulation. Fuel treatment resources are scarce and such scarcity is introduced through a budget constraint. A test case is designed based on a portion of the landscape (15 552 ha) within the Southern Sierra fire planning unit to demonstrate the data requirements, solution process, and model results. Fuel treatment schedules, based upon single and dual wind directions, are compared.
Introduction
Frequent low-severity or surface wildfires played critical roles in creating and maintaining historically sustainable and healthy forest ecosystems in the western United States. After European settlement, many low-severity wildfires were excluded to protect human activities such as grazing, construction, agriculture, and urbanization, etc (Hessburg et al. 2005) . Because of the long-term fire exclusion in the western United States, the accumulated fuels in many landscapes have contributed to a higher risk of catastrophic wild fires. With an expanding wildland urban interface (WUI), federal agencies are increasingly focused on the protection of life, property, and resources from catastrophic fires (United States Department of the Interior (USDI) and United States Department of Agriculture (USDA) 2001). These concerns have promulgated increased efforts, including new programs such as the Fire Program Analysis System supported by the National Interagency Fire Center, to better manage and reduce hazardous fuels (United States General Accountability Office (US GAO) 2004).
Although fuel treatments may not stop wildfires (Finney and Cohen 2003) , they can alter fire behavior and reduce the potential fire intensity levels across a landscape. Research based on fire simulation models has illustrated that fuel treatments can alter the fire intensity level, flame length, and crown fire potential under various weather conditions (Stratton 2004) . Fuel type and fire intensity each have been shown to have a statistically significant influence on estimated fire line productivity (Hirsch et al. 2004) . With the existence of suppression resources, the spatial location of fuel treatments in a landscape can potentially fragment the fuel complex and increase the likelihood that suppression will be effective (Finney 2001) .
Both the economic efficiency and spatial interactions are important features that need to be considered during fuel treatment scheduling. Fuel reduction programs, such as prescribed burning, thinning, or commercial harvesting, can be used to reduce hazardous fuels while taking advantage of the spatial relationships of fire spread (Loehle 2004) . Because there are usually insufficient resources to treat an entire landscape, economically sound decisions on fuel treatments are often subjected to budget constraints (Gonzalez-Caban and McKetta 1986; Rideout and Omi 1995) . Therefore, fuel treatments need to be scheduled in efficient and cost-effective ways. Since fuel treatments can slow the spread of wildfire from one location to another, modeling fuel treatments in a spatially explicit context has the potential to greatly enhance our ability to address the reduction of hazardous fuels (Salazar and Gonzalez-Caban 1987) .
The guiding criteria for fuel treatments require spatially explicit information on wildfire risk (Kaloudis et al. 2005) . Wildfire risk was defined as the probability that a particular place on the landscape will experience a wildfire within a discrete period (Prestemon et al. 2002) . Farris et al. (2000) summarized GIS-based models to create spatially explicit maps of fire probability as (i) a knowledge-based index model, (ii) a spatially weighted index model, (iii) a probability density function based on historic fire data, and (iv) a direct fire simulation approach. Finney (2005) simulated thousands of fires to calculate the relative burn probability of fire across a landscape to reflect the topological heterogeneities. Logistic regression models have also been developed to estimate wildfire risks at specific locations of a landscape based on multiple influencing factors (Chou 1993; Munn et al. 2003) .
Decision support models were developed to address the fire-and fuel-related management problems. For example, a linear programming model was used (Omi et al. 1981) to schedule fuel management without spatial considerations. Simulations of fire behavior suggested that alternative fuel treatment patterns reduce the spread rate of fire line differently (Finney 2001) . Jones et al. (1999) introduced an approach to link Simulating Processes and Patterns at Landscape Scales (SIMPPLLE) (Chew 1995) and Multiresource Analysis and Geographic Information System (MAGIS) (Zuuring et al. 1995) to integrate fuel treatment scheduling and timber harvesting. Linear programming models have also been developed to schedule fuel treatments in a spatially explicit way to slow the movement of a particular fire from a predetermined starting location to one or more predetermined protected areas (Hof et al. 2000; Hof and Omi 2003) . Aside from locating fuel treatments based upon specific fires, Bevers et al. (2004) developed a shortest path network based optimization model to explore how the percentage, length, and clustering index of random fuel treatments could influence the formulation of contiguous fuels breaks.
Here we show how a MIP formulation can be used to locate fuel treatments based on fire ignition risk, the conditional probability that fire would spread, fire intensity levels, and values at risk. In contrast to previous approaches, this model does not allocate fuel treatment based on the location and behavior of specific fires. Instead, we assume that fire risk accumulates across a landscape following major spread directions. The model will then locate fuel treatments to efficiently mitigate fire risk accumulation. Fuels management resources are scarce and scarcity is introduced through a simplified budget constraint. We applied alternative budget levels to show how optimal spatial patterns and the effectiveness of fuel treatments change with the total area treated.
The MIP formulation
This paper focuses on developing a fuel treatment allocation model. By assuming that information regarding the probability of fire burning each portion of the landscape can be obtained from fire simulation and behavior models, we focus on how to use such information to develop an optimization model to efficiently allocate fuel treatments across a landscape. We begin by representing the landscape as a set of raster cells. This enables us to model the spatial interrelationships between cells as fire spreads. Because fire often starts in one cell and spreads to others, we first define fire risk in a cell as a function of fire ignition risk within the cell and the risk of fire entering the cell from adjacent cells (spread risk). Separating fire risk into ignition risk and spread risk enables us to better address how fire risk accumulates across a landscape. Next, the conditional probability that fire would enter a cell after it burned the adjacent cells is deduced. This conditional probability of fire spread is then used to build the MIP model for fuel treatment allocation.
Fire ignition and spread
Whereas many factors influence fire spread, we focus on wind direction because it is a major factor and because it provides a meaningful demonstration of our modeling approach. A nine raster cell example, as shown in Fig. 1 , illustrates how fire would spread between cells by following a preassumed northwest wind direction. Two assumptions used here are (i) with a northwest wind direction, fire can only spread into a cell from the west, north, or northwest directions. Based on this assumption, backfire is not considered in strategic level fuel treatment optimizations. (ii) If fire occurs in a particular cell, it will burn the entire cell. In Fig. 1 , adjacent cells (i.e., cells 1 and 2) are directly connected along the wind direction. Nonadjacent cells (i.e., cells 1 and 5) are indirectly connected through intermediate cells (i.e., cell 2). As an example, a fuel treatment in cell 1 will decrease fire risk in all of the remaining eight cells through recursive impacts similar to domino effects.
The nine-cell example can be further simplified by clipping out a group of four adjacent cells: cells 1-4. Symbols F 1 , F 2 , F 3 , and F 4 each denote the event of a fire burning cells 1, 2, 3, and 4, respectively. Further, events A, B, C, and D each correspond to a potential cause of fire in cell 4. Event A represents a fire that ignited from cell 4 (itself); event B represents a fire that spread from cell 1 to cell 4; event C represents a fire that spread from cell 2 to cell 4; and event D represents a fire that spread from cell 3 to cell 4. The fire risk at cell 4 can then be calculated based on the additive law of probability in eq. 1.
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By assuming events A-D are independent, the fire risk in cell 4 can be expressed as a nonlinear function of P(A), P(B), P(C), and P(D). Since solution techniques for nonlinear programming are much more complex and less effective than those for linear programming (Jensen and Bard 2003) , additional simplification is introduced by representing P(F 4 ) as a linear function of the sum of P(A), P(B), P(C), and P(D) through the piecewise linear approximation. Piecewise linear approximation divides the domain of decision variables into a series of intervals and interpolates linearly to approximate variables in each interval (Rardin 1998 ). In the above four-cell example, eq. 1 can be simplified by using a single linear eq. 2.
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Theoretically, P(A), P(B), P(C), and P(D) can take any value between 0 and 1. However, an upper bound of the fire probability in each cell [P(F 1 ), P(F 2 ), P(F 3 ), and P(F 4 )] during each year often exists. For example, within a specific landscape, if we know that the probability of fire burning any cell is no more than 30%, the values of P(A), P(B), P(C), and P(D) will always be 30%. Randomly generated combinations of the values of P(A), P(B), P(C), and P(D) between 0 and 0.3 can be used to calculate the values of P(F 4 ) by using eq. 1. The value of Q in eq. 2 can then be estimated through linear regression to fit the line represented by eq. 2 with the scattered points generated by eq. 1. In this regression, P(A), P(B), P(C), and P(D) are explanatory variables, P(F 4 ) calculated from eq. 1 is the response variable, and Q is the coefficient to be estimated. A line fit plot based on 500 randomly generated combination of the values of P(A), P(B), P(C), and P(D) shows R 2 0.99 with Q = 0.9147 in eq. 2 (Fig. 2) , which means the linear model based on eq. 2 can account for 99% of the variances in the sample values of P(F 4 ) calculated through eq. 1. The value of Q can vary depending on the upper bound of the fire probability in a cell (cell 4 in this example) and the cells that directly influence it (cells 1-3 in this example). A higher upper bound requires smaller Q values that will rotate the line represented by eq. 2 clockwise to better fit the scatted points generated from eq. 1.
Conditional probability of fire spread
The conditional probability that fire would spread into each cell is a key indicator used to capture the spatial relationships between each cell and its adjacent cells. Because this type of information cannot be typically obtained directly from either historical fire records or fire simulations, we present an approach to calculate this conditional probability based on function [2] and upon specific assumptions about the relative probability that fire would spread from a ''head fire'' versus a ''flank fire''. As an example of the calculation process depicted in Fig. 1 , suppose that the fire risk in each of the four cells is 10% (P(F 1 ) = P(F 2 ) = P(F 3 ) = P(F 4 ) = 0.10), and the ignition risk in cell 4 is 1% (P(A) = 0.01). Following the assumed northwest wind, after a fire burned cells 1-3, it could possibly spread into cell 4 (events B, C, and D). Assume events S 14 , S 24 , and S 34 each correspond to a fire spreading from cells 1, 2, or 3 into cell 4 after burning cells 1, 2, or 3. This can be represented by the relationship in eq. 3.
½3
PðBÞ
If we assume that P(S 14 )/2 = P(S 24 ) = P(S 34 ) = P(S 4 ) with P(S 4 ) as the conditional probability associated with the flank fire spreading into cell 4, and P(S 1 ) as the conditional probability associated with the head fire, combining eqs. 2 and 3 provides
Based on the assumption used and the calculation from An example landscape is divided into nine raster cells. Each cell represents a specific location in a landscape. Cells can be represented by nodes (*). Under the assumed northwest wind, fire spread directions are represented by directed arcs. Nodes are connected through arcs following the direction of fire spread. For example, the fire risk in cell 4 can be influenced by the fire risk in cells 1, 2, and 3. Consequently, the fire risk in cell 4 will further influence the fire risks in cells 6, 8, and 9. Changing fire risk in cell 1 will directly influence fire risk in cells 2, 3, and 4 and indirectly influence the fire risk in cells 5, 6, 7, 8, and 9. function [5], a fire burning in cell 1 (head fire) would have a 49.6% of chance of spreading into cell 4. Similarly, a fire burning in cells 2 or 3 (flank fires) would have a 24.8% of chance of spreading into cell 4. If more information about the relative values between P(S 14 ), P(S 24 ), and P(S 34 ) is known, functions [4] and [5] can be adjusted to calculate the separated conditional probability that fire would enter a cell from each adjacent cell. In a reversed calculation, after the map of the conditional probability of fire spread is calculated, the fire risk map can be recovered from the ignition risk and conditional probability of spread. Theoretically, the recovered fire risk map would be consistent with the original fire risk distribution map used to calculate the conditional probability of fire spread.
By separating the fire risk in each cell into ignition risk and risk caused by fire spread, the fuel treatment allocation model can capture how fire risk is distributed and accumulated across the landscape. Fuel treatments can then be scheduled to efficiently mitigate the pattern of fire risk accumulation. Scheduling fuel treatment in a cell would reduce the fire risk in that cell and in the downwind cells. The recursive impacts of scheduling a fuel treatment at each cell can be reflected in the following general mathematic formulation. We emphasize that fuel treatment in a particular cell has three kinds of influences in (1) the cell treated, (2) the adjacent cells, and (3) the cells not adjacent to the treated cell through the recursive effects.
The MIP formulation
We built a MIP model to search for efficient locations of fuel treatments across a landscape with the objective of minimizing the sum of expected fire loss across all cells in the landscape. The expected fire loss at each cell depends upon the cell's fire risk and the values to be protected in that cell. Fire risk and potential losses from fire often also depend upon fire intensity levels. Higher intensity fires often cause greater damage than lower intensity fires, whereas lowintensity fires are often more readily controlled by initial attack or suppression. The general mathematical formulation listed bellow can be tailored to reflect particular changes of model assumptions, data availability, or a change in management objectives.
Minimize
where the subscript c is an index of cells, C is the number of raster cells within a landscape, s is an index of fire intensity levels, S represents the fire intensity levels that were considered, w is an index of the wind directions, W is the set of wind directions that determine the fire spread directions, L c,s is the loss caused by fires of intensity level s at cell c, and cr c,s,w is a contiguous decision variable (0 cr c,s,w 1) that indicates the risk of fire at intensity level s, in cell c with wind direction w. Subject to
where the subscript k is an index of fuel treatment types, K c is the set of treatment types that can be applied in cell c, including the ''no treatment'' (the feasibility of applying Fig. 1 , the fire risk in cell 1 will contribute to the risk in cell 4 and, consequently, risk in cell 4 will contribute to the fire risk in cell 6. Therefore, scheduling a fuel treatment in cell 1 will directly decrease the risk in cell 4, and it will indirectly influence the fire risk in cell 6 through the changing of risk in cell 4. Constraint [9] is a simple budget constraint that establishes the upper bound of available budget as U.
Test case and methods
A test case demonstrates and assesses the modeling approach, data requirements, the solution process, and it facilitates model results. Many assumptions were used in the test case to simplify the model formulation. Actual applications might require more intensive data development and further analysis to adjust these assumptions. The general algebraic modeling system (GAMS) and CPLEX 9.0 (ILOG Inc., Sunnyvale, California) were used to solve the model. Direct simulation (Farris et al. 2000; Finney 2005 ) was used to calculate the relative burning probability in the Grand Hume and King Redwood fire management units within the Southern Sierra fire planning unit (Fig. 3) . Southwest and southeast wind directions were assumed and analyzed. The southwest wind direction was chosen because it reflects the prevailing wind during much of the fire season and is consistent with the overall slope changes of the landscape. The southeast wind direction provides a modeling contrast to illustrate the sensitivity of results to the selection of multiple wind directions. Two thousand randomly generated fires were initially simulated in FlamMap (Finney 2006) according to each wind direction to report the relative burn probabilities in different locations of the landscape. Based on the preliminary simulation results, a portion of the landscape (15 552 ha) with higher relative burn probabilities was selected as the test area for fuel treatment allocations (Fig. 3) . This test area was further divided into raster cells. The ideal raster cell size should match the width of common fuel treatments, which will vary according to the change of landscape conditions and fuel treatment types. For demonstration purposes, we used the 480 m cell size, which represents the smallest fuel treatment area of about 23 ha. The test area includes 675 raster cells.
Because of the assumption of random ignitions used in FlamMap, it cannot assign an exact number of ignitions in each raster cell. The fire probability distribution maps created from two FlamMap runs can be different even if the total number of fires simulated in each run is identical. Since simulating a larger number of fires in the predefined landscape can potentially overcome some of the randomness caused by ignitions, we simulated another set of 18 000 fires in the test area to generate a more stable distribution of fire probabilities.
Quantifying how each fuel treatment type would influence fire intensities at specific locations in the test area is a challenging research topic itself. A ''rule of thumb'', based on the assumption that fires with a flame length greater than 2 m are considered as high-intensity fires and fires with a flame length 2 m are defined as low-intensity fires, was used here to simplify the problem. We also assume that fuel treatments can change the expected fire intensity from high to low, but they would not appreciably influence low-intensity fires. Based on the fire suppression situations within the test area, we assume that high-intensity fire can potentially spread between cells following the wind direction and lowintensity fires can be effectively stopped by fire suppression. This assumption is reasonable for many areas that are influenced by intensive fire suppression. Different assumptions can be applied to fit specific fire management scenarios without significantly altering the basic modeling structure.
From the historical fire records in Southern Sierra, we estimated the mean annual ignition risk at each raster cell to be 1.5%. We also estimated a 5% mean annual fire risk based on the historical mean fire return interval to 20 years within the two fire management units (270 910 ha were burned in the past 82 years within a 66 000 ha landscape). The relative burn probability distribution reported by FlamMap can be converted to the absolute fire risk map by referencing the mean annual fire risks. Based on the absolute fire risk map, we know the fire probability in each cell of the tested area is <30%. Therefore, a constant value of Q = 0.9147 is used to formulate eq. 2 across the entire tested area. A simple validation of the MIP model was conducted by comparing the fire probability maps created from the FlamMap simulation (Fig. 4a) and from the MIP model with no fuel treatment scheduled (Fig. 4b) . Comparison shows similar fire risk distribution patterns between both model runs. This provides us with evidence that the linear approximation used in the MIP model is able to reflect the major pattern of fire risk distribution. However, as discussed previously, FlamMap will randomly allocate fire ignitions within each cell . But the MIP model will assign the ignition risk in each cell as a predefined constant. Because of the difference between the stochastic and the deterministic processes, the fire probability maps created from the two models differ slightly.
Relative value at risk in each cell was obtained from data generated by federal agency representatives responsible for managing the test site. A relative value to be protected was calculated by referencing seven map layers identifying the existence of wildland urban interfaces (WUI), Sequoia Groves, commercial timber, rangeland, forested areas, unroaded areas, and the culture sites. Because multiple values 
Fig. 4.
Comparing the distribution of fire probability in each raster cell created using (a) the fire simulation model and (b) the linear approximation built in the MIP model. The slight differences between (a) and (b) are due to the randomness in the fire simulation model.
(for example, both WUI and rangeland) can exist within a same cell, we summed the individual value at risk estimates to calculate the total values at risk in each cell.
Based on the model formulation, factors determining the allocation of fuel treatment are the distribution of values at risk, fire ignition risk, fire intensity, and the conditional probability that fire would spread into a cell after each of its adjacent cells had been burned. The conditional probabilities were deducted from eq. 5 for each cell and its adjacent cells. For a specific wind direction, data used to calculate the expected fire losses is stored in several maps: the expected fire intensity levels in each cell, the value at risk in each cell at different fire intensity levels, and the probability of fire burning each cell. The total expected fire loss was calculated by combining the above maps according to objective function (eq. 6). The MIP model will capture the spatial interdependency between cells demonstrated in Fig. 1 to locate fuel treatments across a landscape to minimize the overall expected fire losses in a landscape.
Under certain circumstances, multiple wind directions might need to be considered simultaneously to determine the best fuel treatment locations. To address this potential challenge, we tested the model under the assumption of combined impacts from both the southwest and the southeast winds. Model results demonstrated how multiple wind directions would create a more balanced distribution of fuel treatments.
Test results
To create a benchmark for comparison, we first generated a map of expected fire losses in each cell without fuel treatment under the southwest wind direction based on eq. 6 (Fig. 5a ). The map shows significant spatial variations of the expected fire losses across the landscape. According to the model principles, for fuel treatments to be effective, they should be located to effectively mitigate the fire risk accumulation following the predefined wind direction. We emphasize that even though fuel treatments are located in specific cells, the effects from each treatment are not limited to the treated cells. Instead, the effects will be expanded to other cells in the lee direction of the treated cells. The accumulative effects can be identified by observing the distributions of expected fire loss in the landscape after fuel treatments were scheduled within 10 raster cells (Fig. 5b) . Following the southwest wind direction, the expected fire losses dropped immediately behind the treated cells and gradually increased again in cells away from the treated areas. This occurred because the fire risk in each cell, including the ignition risk, can be added into its adjacent cells and accumulated along the presumed wind directions. The speed and extent of fire risk accumulation are determined by the associated conditional probability of fire spread between cells. As shown in Fig. 1 , each cell is directly influenced by its adjacent cells and is recursively influenced by other cells from the upper wind direction.
Efficient fuel treatment allocations could also take advantage of existing natural fuel breaks. Natural breaks often occur because of certain fuel types (i.e., bare rocks), topographical conditions, or as a consequence of recent fires. These areas are often identified as naturally resistant to high-intensity fires by FlamMap output. Fire suppression in these areas could be just as effective as in the areas recently treated by prescribed fires or mechanical thinning. Many cells with shallow colors in Fig. 4a identified the existence of these natural fuel breaks.
In this test case, a simplified budget constraint is defined by specifying the number of cells to be treated in the landscape. The effectiveness of fuel treatment based on fire loss is expressed as a function of the number of cells treated. The slope of the effectiveness curve (Fig. 6 ) reflects the marginal decrease of the expected fire losses by scheduling fuel treatment in additional raster cells. Consistent with most production functions, the results demonstrated a declining marginal effectiveness of fuel treatment as more cells were treated (Fig. 6) .
Test results also show that as more cells are treated, the spatial pattern of treatments can change such that cells treated at lower funding levels may become economically inferior at higher funding levels. This is illustrated by comparing Figs. 5b and 7a where a 10-cell treatment is compared with a 40-cell treatment. Some cells that received treatment at the 10-cell budget level did not receive treatment at the 40-cell budget level. This means fuel treatment allocation is not a simple cumulative process where decision makers can make sequential decisions efficiently by following the simple greedy principle. Different funding levels could imply different optimal patterns of fuel treatment. A cost effective fuel treatment schedule requires strategic and simultaneous consideration of spatial interrelationships between cells.
Fuel treatment allocation is more complicated when multiple wind directions are considered. When the southwest and southeast wind directions are both included, the MIP model will try to locate fuel treatments to mitigate the fire risk accumulations following both spread directions (Fig. 7b) . Trends can potentially be discovered by comparing fuel treatment locations based on the single wind and the two-wind scenarios. With a single southwest wind, contiguous blocks of fuel treatments were scheduled along the northwest-southeast direction, and this is perpendicular to the assumed fire spread direction. This allocation schedule will be effective in mitigating the fire risk accumulation along the targeted southwest direction. This allocation pattern will also help break the fire spread path along the opposite northeast direction because fires moving along a southwest or northeast direction could potentially share some common spread pathways. However, it is apparent that fuel treatment allocation strategies designed primarily for the southwest wind may be ineffective in preventing fire risk accumulation following either the northwest or southeast directions. In practical wildland fire suppression, especially during the extended suppression for large catastrophic fires, the fire spread direction could change during the period of suppression as the wind direction shifts. In this case, fuel treatments based on multiple wind directions can provide more opportunities for suppression efforts to be effective even if the wind direction changes.
Discussion
The MIP-based fuel treatment model demonstrated here can provide strategic guidelines for efficiently locating fuel treatments. However, the detailed fuel treatment schedules within each location are not determined by the model. Selecting the suitable types of fuel treatment within each cell should also be based on the physical conditions of that cell. For example, mechanical treatment might be infeasible for cells located in steep terrain. In addition, an entire cell might not need to be treated as long as fuel treatments can make fire suppression safe and effective in preventing highintensity fires from escaping. A realistic challenge of building a detailed fuel treatment scheduling model is how to obtain accurate data to capture both the cost and effectiveness of different fuel treatment prescriptions at each specific raster cell.
The direction of fire spread is an important factor to be considered in fuel treatments. In this demonstrative study, we assumed that fire spread would follow the major wind directions. However, spread direction can also depend on No. of raster cells treated Expected loss from fire (Unit) Fig. 6 . The total expected fire losses in the landscape after increasing the number of raster cells to be treated. The convexity of this curve shows that the marginal productivity decreases when more cells are treated.
landscape topological conditions such as slope and aspect. Future enhancements could define fire spread directions by using a spread direction matrix to reflect the combined effects of both wind directions and topological conditions. Such a matrix can store a specific spread direction for each specific cell. Therefore, fuel treatment locations could reflect the heterogeneity of landscape topological conditions.
Fuel treatment is one of the many components within an integrated fire management system. Fuel treatments need to be combined with other fire program components, such as suppression and prevention, to improve the overall efficiency of fire management. While fuel treatments may not stop the spread of fire, they can improve the suppression productivity. Suppression and prevention resources could help secure the effectiveness of fuel treatments if enough suppression resources can be dispatched to the right locations in time to prevent fire spread. Basic information such as the spatially explicit landscape fire risk distribution and the fire intensity distribution can potentially be used to tie different fire management components together.
Summary
The optimal location of fuel treatments across a landscape remains a central challenge in fire management decisionmaking processes. Landscape conditions are usually heterogeneous and scheduling fuel treatments by following regular patterns may not create efficient strategies in reducing expected fire losses. Multiple spread directions may further complicate the problem by requiring preventions of the fire spread along multiple pathways. The MIP model developed here illustrated a potential approach to integrate these practical management concerns to improve the overall effectiveness of landscape-level fuel treatment.
By implementing the piecewise linear approximation, we separated the fire risk in each raster cell into ignition risk and risk from spread. The conditional probability of fire spread is then calculated to represent the chance of fire entering each cell after burning in its adjacent cells. Using this information, the MIP model will reconstruct the interrelationships between cells regarding fire risk accumulations along each wind direction. The values at risk at each specific location of a landscape can be acquired through either expert opinion or through other kinds of economic analysis. The model can then incorporate the fire-loss information into the decision-making process to assign suitable fuel treatments on different portions of the landscape. For example, the WUI can potentially gain more protection from fuel treatment if a higher value at risk is assigned to it. Besides benefits of protecting potential loss from fires, the cost and feasibility of scheduling certain types of fuel treatments at specific locations of a landscape can also be considered.
Fuel treatment decisions aimed at fires started from predefined ignition points are often ineffective in controlling fires started at other locations. To avoid the limitations of allocating fuel treatment based on a set of predefined ignition points and associated fire spread patterns, the model developed here uses the landscape fire probability distribution map created through simulating thousands of fires to locate fuel treatments. Since predicting the fire probability distribution map through intensive fire simulations could be statistically more reliable than predicting the happening and spreading of a specific fire, the location of fuel treatments created through the distribution map have the potential to be more robust. Assumptions of fire ignition, spread, and suppression were used in building the test case for the MIP model. The impacts of these assumptions on fuel treatment decisions need to be further analyzed in the future. ing this research. This manuscript has benefitted from comments and suggestions of anonymous reviewers. The usual disclaimer applies.
